We produced 204 monthly maps of the airesea CO 2 flux in the Arctic north of 60 N, including the Arctic Ocean and its adjacent seas, from January 1997 to December 2013 by using a self-organizing map technique. The partial pressure of CO 2 (pCO 2 ) in surface water data were obtained by shipboard underway measurements or calculated from alkalinity and total inorganic carbon of surface water samples. Subsequently, we investigated the basin-wide distribution and seasonal to interannual variability of the CO 2 fluxes. The 17-year annual mean CO 2 flux shows that all areas of the Arctic Ocean and its adjacent seas were net CO 2 sinks. The estimated annual CO 2 uptake by the Arctic Ocean was 180 TgC yr
Introduction
Atmospheric CO 2 concentrations have increased since the 19th century, mainly because of fossil fuel burning, cement production, and land-use changes (Ciais et al., 2013) . About half of the emissions remain in the atmosphere, and the rest are stored in the oceans and terrestrial biosphere (Ciais et al., 2013) . The contemporary net global uptake of CO 2 by the ocean has been estimated to be about 1.5 ± 0.5 PgC yr À1 Wanninkhof et al., 2013; Landschützer et al., 2014) . The Arctic Ocean and its adjacent seas ( Fig. 1 ) are thought to act as a sink for atmospheric CO 2 because of the high solubility of CO 2 in its low-temperature waters (Bates and Mathis, 2009 ).
Furthermore, as global warming progresses, melting of sea ice will increase the area of open water in the Arctic, thus enhancing the potential for the oceanic uptake of CO 2 from the atmosphere (e.g., Bates et al., 2006; Gao et al., 2012) . It has been suggested, however, that the CO 2 uptake capacity has decreased in the Canada Basin (Cai et al., 2010; Else et al., 2013) . Moreover, observational and modelbased airesea CO 2 fluxes in the Arctic show poor agreement in terms of seasonal cycles and interannual variability , not only reflecting issues with the models but also large uncertainties in current, observational data-based estimates of the Arctic airesea CO 2 flux (Bates and Mathis, 2009 ) because of the sparseness of CO 2 measurements in this very heterogeneous area (Fig. 2) .
Several studies have attempted to address this situation by using other, more extensively observed seawater properties as proxies for the partial pressure of CO 2 in the surface water (pCO 2w ) in this region utilizing multiple or simple linear regression techniques (e.g., Olsen et al., 2003; Nakaoka et al., 2006; Arrigo et al., 2010; Lauvset et al., 2013) . However, the complex relationships between pCO 2w and seawater properties and their domain and time dependence make regression-based approaches problematic (Lef evre et al., 2005) . As an alternative, a self-organizing map (SOM) technique has been implemented to estimate the pCO 2w distribution from seawater properties in the North Atlantic and North Pacific (Telszewski et al., 2009; Nakaoka et al., 2013) . The advantage of the SOM technique is its ability to empirically determine relationships among parameters without making any of the a priori assumptions of regression functions and without the need to divide the basin into sub-regions (Lef evre et al., 2005; Telszewski et al., 2009 ). This is highly beneficial for applications to the Arctic, which includes continental shelves, central basins, and sea-icecovered areas (Fig. 1) where the pCO 2w distribution is affected by processes such as ocean heat loss and gain, sea-ice formation and melting, river discharge, shelfebasin interactions, and biological production and respiration (cf. Bates and Mathis, 2009 ). Furthermore, the SOM technique better reproduces the distribution of pCO 2w from unevenly distributed observations than do multiple regression methods (Lef evre et al., 2005) . Therefore, we expected the SOM technique to be a useful tool for estimating pCO 2w distributions in the Arctic.
In the present study, we created 204 monthly airesea CO 2 flux maps of the Arctic north of 60 N, including the Arctic Ocean and its adjacent seas, with 1 (latitude) Â 1 (longitude) resolution for January 1997 to December 2013. To estimate the pCO 2w distributions, we used a SOM trained with sea surface temperature (SST), sea surface salinity (SSS), sea-ice concentration (percentage of ocean area covered by sea ice, SIC), and atmospheric CO 2 mole fraction (xCO 2a ) data. The mapping results were then used to investigate the basin-wide distribution and seasonal to interannual variability of airesea CO 2 fluxes.
Data

pCO 2 measurements
We used pCO 2w observations (converted from the fugacity of CO 2 values) from the Surface Ocean CO 2 Atlas (SOCAT) version 3 (Pfeil et al., 2013; Bakker et al., 2014 Bakker et al., , 2016 ; http://www.socat.info/), and the Global surface pCO 2 (LDEO) database version 2014  http://cdiac.ornl.gov/oceans/LDEO_ Underway_Database/). Duplicates between the SOCAT and LDEO databases were eliminated. We also used shipboard pCO 2w measurements obtained during cruises of the R/V Mirai of the Japan Agency for Marine-Earth Science and Technology (JAMSTEC) that have not yet been archived in the SOCAT and LDEO databases (cruises MR09_03, MR10_05, MR12_E03, and MR13_06; http:// www.godac.jamstec.go.jp/darwin/e). In total, we used 1,640,951 pCO 2w measurements.
To improve the data coverage, we also used 1114 pCO 2w data calculated from dissolved inorganic carbon and total alkalinity data in the Carbon Dioxide in the Atlantic Ocean (CARINA) database v1. cdiac.ornl.gov/oceans/CARINA/) and in the Global Ocean Data Analysis Project (GLODAP) database (Key et al., 2004 ; http://cdiac.ornl. gov/oceans/glodap/), as well as dissolved inorganic carbon and total alkalinity data measured and compiled by scientists at the Institute of Ocean Sciences, Canada (Giesbrecht et al., 2013 ; now available as part of GLODAP version 2 database http://cdiac.ornl.gov/oceans/ GLODAPv2/). We extracted values of samples obtained from water depths shallower than 10 m, or the shallowest values from the upper 30 m of each cast if there were no values from above 10 m. We used the CO2SYS program (Lewis and Wallace, 1998; van Heuven et al., 2009) and the dissociation constants reported by Lueker et al. (2000) and Dickson (1990) to calculate pCO 2w from the dissolved inorganic carbon and total alkalinity data.
Gridded data sets
We used gridded datasets of SST, SSS, SIC, and xCO 2a to train the SOM. The SST data were extracted from U.S. National Oceanic and Atmospheric Administration (NOAA) optimum interpolation SST version 2, which has a 1 Â 1 (latitude Â longitude) spatial and a monthly temporal resolution (Reynolds et al., 2002 ; http://www. esrl.noaa.gov/psd/data/gridded/data.noaa.oisst.v2.html). The SSS data were retrieved from the Polar Science Center Hydrographic Climatology version 3.0, which also has a 1 Â 1 spatial and a monthly temporal resolution (Steele et al., 2001 ; http://psc.apl. washington.edu/nonwp_projects/PHC/Climatology.html). The SIC data were obtained from the NOAA/National Snow and Ice Data Center Climate Data Record of Passive Microwave Sea Ice Concentration version 2, which has a spatial resolution of 25 km Â 25 km and a monthly temporal resolution ; http://nsidc. org/data/G02202). These data were subsequently averaged into 1 Â 1 monthly grids by us. Finally, zonal mean xCO 2a data were retrieved from the NOAA Greenhouse Gas Marine Boundary Layer Reference data product (Conway et al., 1994 ; http://www.esrl.noaa. gov/gmd/ccgg/mbl/index.html); we also interpolated these data into 1 Â 1 monthly grids.
3. pCO 2 mapping and calculation of fluxes 3.1. Gridding procedure for CO 2 measurements
We gridded the individual pCO 2w measurements from 1997 to 2013 into a 1 Â 1 spatial grid with a monthly temporal resolution to match the resolution of the data used to train the SOM. First, we calculated the long-term mean (i.e., the climatology) and its standard deviation in a window size of ±2 months, ±5 of latitude, and ±30 of longitude for each 1 Â 1 monthly grid. We then eliminated data that differed by more than three standard deviations from the climatology. Next, we recalculated the climatology and its standard deviation in a smaller window size of ±1 month, ±2 of latitude, and ±10 of longitude for each 1 Â 1 monthly grid, and again eliminated extreme data that differed from the climatology by more than three standard deviations of the climatology. In the end, we excluded about 0.5% of all measurements as extreme or erroneous data; these excluded data were randomly distributed in time and space. Finally, we binned the remaining measurements into 1 Â 1 monthly grid boxes for each year from 1997 to 2013 (Fig. 2) . Most of the available data were from the Greenland, Norwegian, Barents, and Chukchi Seas; there were no measurements from the East Siberian Sea. CO 2 measurements were available for almost all seasons of 1997 and 1998 and after 2004, but only for summer during the period from 1999 to 2003. Although some studies have used pCO 2w normalized to a certain year (e.g., ), we used the measured ("non-normalized") pCO 2w values; therefore, pCO 2w could increase both nonlinearly in time and non-uniformly in space.
pCO 2 estimation using a self-organizing map
We estimated pCO 2w by a SOM technique similar to that used by Telszewski et al. (2009) and Nakaoka et al. (2013) . In our estimation, we used SST, SSS, SIC, and xCO 2a as training parameters. Among those variables representing the spatial distribution and temporal variation of surface water properties in the Arctic, SST, SSS, and SIC are basic parameters and their gridded products are readily available. They also closely relate to processes causing variation in pCO 2w : SST relates directly to the temperature dependency of pCO 2w ; SSS represents the freshwater effect on pCO 2w ; and SIC reflects the magnitude of the sea-ice barrier to airesea CO 2 exchange. xCO 2a represents atmospheric CO 2 seasonal variations and its long-term increase. Because we used non-normalized pCO 2w values, xCO 2a also serves as a time indicator. However, pCO 2w distributions estimated by using only these four parameters included high and low values intricately intermingled in space and time in regions and seasons with limited CO 2 observations (not shown). To deal with this situation, which means some physical or chemical parameters would be missing, we added geographical position to the set of training parameters: X ¼ sin(latitude) Â cos(longitude) and Y ¼ sin(latitude) Â sin(longitude). The use of geographical position as a training parameter can prevent a systematic spatial bias (Yasunaka et al., 2014) , although it degrades the results in some cases (Telszewski et al., 2009 ). Previous studies have used mixed layer depth and chlorophyll-a concentration as training parameters to account for vertical mixing and biological effects, respectively, but we did not use these parameters because of insufficient data coverage in the Arctic.
We estimated the basin-wide pCO 2w fields by a three-step SOM technique. Telszewski et al. (2009) and Nakaoka et al. (2013) describe the technique in detail, so we outline only the basic principles here. First, the about a million 1 Â 1 monthly pixels in the analysis region and period were assigned to 5000 units (neurons) on the SOM by using the SST, SSS, SIC, xCO 2a , and X and Y data; this is the training of the SOM. Second, each neuron was labeled with the pCO 2w value observed at the pixel at which SST, SSS, SIC, xCO 2a , and X and Y values were most similar to those of the neuron. Third, each pixel in the analysis region and period was assigned to the pCO 2w value of the neuron whose SST, SSS, SIC, xCO 2a , and X and Y values were most similar to the values at that pixel. If the most similar neuron was not labeled with a pCO 2w value, then the pCO 2w value of the neuron that was most similar and labeled was used. Thus, by using the SOM technique, we were able to estimate pCO 2w values even in regions and periods with no CO 2 observations.
Calculation of airesea CO 2 fluxes
We calculated monthly airesea CO 2 flux (F) values from the pCO 2w values estimated as described in section 3.2 by using the bulk formula of Wanninkhof (1992) :
where k is the gas transfer velocity and L is the solubility of CO 2 . The solubility of CO 2 was calculated as a function of temperature and salinity (Weiss, 1974) . We converted NOAA xCO 2a data to pCO 2a data by using monthly sea level pressure data from the U.S. National Centers for Environmental PredictioneDepartment of Energy Reanalysis 2 (NCEP 2) (Kanamitsu et al., 2002 ; http://www.esrl. noaa.gov/psd/data/gridded/data.ncep.reanalysis2.html) and the water vapor saturation pressure calculated from monthly SST (Murray, 1967) . We used the monthly average of the 6-hourly 10-m wind speeds from NCEP 2. Therefore, we adjusted the gas exchange coefficient to that of Sweeney et al. (2007) , using the same method as and Wanninkhof et al. (2013) . To optimize the gas exchange coefficient for NCEP 2 winds, instead of the NCEP 1 winds used by Sweeney et al. (2007) , we calculated the global annual average of 0.27〈W NCEP1 2 〉/〈W NCEP2 2 〉, where 0.27 is the original gas exchange coefficient of Sweeney et al. (2007) and 〈W 2 〉 is the monthly mean of the 6-hourly wind second moment, and obtained a value of 0.19. Thus,
where Sc is the Schmidt number of CO 2 in seawater at a given SST. The relationship between Sc and SST in seawater is given by Wanninkhof (2014) . The suppression effect of sea ice on gas exchange was accounted for by correcting the airesea CO 2 fluxes using the parameterization suggested by Loose et al. (2009) , where the flux is proportional to (ice-free proportion) 0.4 . In this parameterization, the flux in the sea ice region was larger than the value would be if it were determined by assuming a linear relationship with the open-water area, because circulation under the ice affects the gas exchange rate. Following Bates et al. (2006) , in those regions with >99% SIC, we used 99% SIC to allow for non-negligible rates of airesea CO 2 exchange through leads, fractures, and brine channels (Semiletov et al., 2004) .
Uncertainties of pCO 2 mapping and CO 2 flux estimation
Our pCO 2w estimates reproduced the general features of the spatial distribution and temporal variation of the observed data ( Fig. 3 ; Note that the spatial and temporal changes depicted in Fig. 3 include differences in the observed seasons and changes in the positions of the observation points). Both observed and estimated pCO 2w tended to be lower in the Greenland, Barents, and Chukchi Seas than in the Norwegian Sea or the shelf region between the Chukchi Sea and the Canada Basin. However, the northesouth contrast in the Chukchi Sea and the eastewest contrast in the Bering Sea in our estimates were weaker than those in the Integration of many studies Bates and Mathis (2009) observations (see also Fig. S1a) ; we attribute these weaker contrasts to the fact that our estimates did not fully represent the low pCO 2w values accompanying high primary production in waters originating in the Pacific (Bates et al., 2006) . The temporal changes in the observed and estimated pCO 2w were in phase, although the variability of the estimated values was somewhat subdued compared to that of the observed data (see also Fig. S1c ).
In a scatter plot of estimated versus observed pCO 2w values, the data points cluster around the 1:1 line (Fig. 4) . The correlation coefficient between estimated and observed pCO 2w values was 0.80, and the root mean squared difference (RMSD) was 32 matm, or 10% of the average observed pCO 2w value. The RMSD between observed and estimated pCO 2w was large in the Chukchi and Bering Seas (Fig. S1b) . The observed pCO 2w values included uncertainties that did not exceed the difference between the estimated and observed values as follows: The uncertainty of the pCO 2w measurements is 2e5 matm . If the uncertainties of dissolved inorganic carbon and alkalinity are within 4 mmol kg À1 and 6 mmol kg À1 , respectively (Key et al., 2004; Jutterstr€ om et al., 2010; Giesbrecht et al., 2013) , then the uncertainty of the calculated pCO 2w values can be up to 14 matm (Lueker et al., 2000) . The sampling uncertainty of the gridded pCO 2w observation data was deduced from the standard errors of monthly observed pCO 2w in the 1 Â 1 grid to be 7 matm. Like the RMSD, the sampling uncertainty also tended to be large in the Chukchi and Bering Seas (not shown).
To validate our estimated pCO 2w values for periods and regions without any observed data, we systematically excluded some of the observed pCO 2w data when labeling neurons, then redid the mapping and evaluated how well the SOM technique was able to estimate the excluded data. We carried out four experiments by excluding data (1) for 1997e2004, (2) for January to April, (3) from north of 80 N, and (4) from the Laptev Sea (90 E À 150 E), where there were only a few pCO 2w observations. We compared the pCO 2w estimates obtained in each experiment with the excluded observations and found that the pCO 2w estimates reproduced the general features of the observed spatial distribution and temporal variation, and they were also similar to the pCO 2w estimates obtained by using all observations (Figs. S2eS5) . However, the RMSDs between the estimates and the excluded observations were about 1½e2½ times (1.9 times on average) larger than the RMSDs of the estimates based on all observations. This result suggests that the uncertainty in pCO 2w might be as high as 61 matm in regions and periods without data. We used this uncertainty for pCO 2w estimates made by using the values of a less similar neuron. Signorini and McClain (2009) estimated the uncertainty of the CO 2 flux derived from the gas exchange parameterization to be 36%, and that derived from the wind data to be 11%. We used an uncertainty of 5% for SIC (Cavalieri et al., 1984; Gloersen et al., 1993; Peng et al., 2013) . The standard error of the SIC effect on gas exchange is about 30% (Loose et al., 2009 Because the average of the estimated CO 2 flux in the analysis domain and period was 5.6 mmol m À2 day
À1
, the uncertainty of the CO 2 flux estimate was 3.4 mmol m À2 day
, but in regions and periods without observed data, it was 4.6 mmol m À2 day
. Some part of the uncertainty consists of random error and would be reduced by averaging, but it is difficult to quantitatively separate the uncertainty due to random error from that due to systematic error; therefore, in every case we used 3.4 mmol m À2 day À1 and 4.6 mmol m À2 day À1 as the upper limits of the uncertainty. Our uncertainties tended to be large because we included not only the uncertainties of the pCO 2w estimate, wind speed data, and the gas exchange parameterization, as other studies have (e.g., Arrigo et al., 2010; Land et al., 2013) , but also those of the SIC effect and of pCO 2w estimation in periods and regions without observations, which have not been considered by other studies.
Spatiotemporal CO 2 flux variability
Seventeen-year annual mean state
The 17-year annual mean CO 2 flux distribution shows that all areas of the Arctic Ocean and its adjacent seas were net CO 2 sinks (Fig. 5a ). The annual CO 2 influx to the ocean was strong in the Greenland/Norwegian Seas (>10 mmol m À2 day À1 ), the Barents Sea (~10 mmol m À2 day À1 ), and the Chukchi Sea (~4 mmol m À2 day À1 ).
In contrast, it was weak within the uncertainty in the Eurasian and Canada Basins, as well as in the Laptev and East Siberian Seas (<4 mmol m À2 day À1 ). Our annual CO 2 flux estimates averaged in the Greenland/Norwegian Seas and the Barents Sea are consistent with those reported by most previous studies (Table 1) . Our estimate of the average CO 2 influx in the Chukchi Sea was smaller than that based on observations by Bates et al. (2006) , but consistent with a recent observation-based estimate by Evans et al. (2015) . CO 2 fluxes reported by show influxes of similar magnitude to ours in the Greenland/Norwegian Seas and the Chukchi Sea, but a smaller influx in the Barents Sea (Fig. 6) . The contrast between large and small fluxes in the Greenland Sea was shaper in out estimates than that in the study by . Estimates of CO 2 influxes into the Arctic Ocean produced by a biogeochemical model are weaker than most other estimates, including ours. Next, we examine the relationship between the CO 2 flux and SIC, wind speed, and DpCO 2 , parameters that directly relate to the CO 2 flux. The annual mean CO 2 flux distribution showed strong similarities to the SIC and wind distributions (Fig. 5b and c) . The 75% SIC contour mostly corresponds to the À4 mmol m À2 day À1 contour of the CO 2 flux, indicating that in the area with an average sea-ice cover of more than 75%, the CO 2 influx was less than 4 mmol m À2 day
À1
. Strong fluxes into the Greenland/Norwegian Seas, the Barents Sea, and the Chukchi Sea were associated with high winds and large areas of open water in those regions. In the Eurasian Basin, the CO 2 influx was relatively small because of the large SIC (>75%), even though DpCO 2 was highly negative (Fig. 5d) .
If, following Bates and Mathis (2009), we define the Arctic Ocean as the ocean area north of 65 N excluding the Greenland/Norwegian Seas and Baffin Bay (outlined in red in Fig. 1 ; 10.7 Â 10 6 km 2 ), the estimated 17-year average influx to the Arctic Ocean is 4 mmol m À2 day
, equivalent to an uptake of 180 TgC yr
. The formal uncertainty is large (210 TgC yr À1 ), however, mainly because of the poor coverage of pCO 2 observations and the uncertainty of the SIC effect on gas exchange. Nevertheless, our estimate is consistent with the range of 81e199 TgC yr À1 (uncertainty unspecified) reported by Bates and Mathis (2009) in their comprehensive review.
Seasonal variation
We calculated 17-year monthly mean CO 2 fluxes and related variables (Figs. 7 and 8) . We considered DecembereMay to be winter and JuneeNovember to be summer, defined on the basis of the maximum SIC, which occurs in March, and the minimum SIC, which occurs in September. To examine the effects of wind speed, SIC, and DpCO 2 on the seasonal changes in the CO 2 flux, we recalculated the CO 2 fluxes by replacing each of these variables, one at a time, by a constant value (i.e., the 17-year annual mean; the upper panels of Fig. 8) .
In winter, the CO 2 influx was strongest in the Greenland/Norwegian Seas (>15 mmol m À2 day À1 ) and the Barents Sea (>12 mmol m À2 day
À1
), and in summer it was strongest in the Chukchi Sea (~10 mmol m À2 day
). The seasonal variation of the CO 2 flux was large in the Greenland/Norwegian Seas, the Chukchi Sea, and a part of the Barents Sea. Seasonal amplitudes were more than 10 mmol m À2 day À1 in the Greenland/Norwegian Seas and close to 10 mmol m À2 day À1 in the Barents and Chukchi Seas.
The seasonal variations of the CO 2 flux generally corresponded to wind speed and SIC variations. As with the 17-year annual mean, the seasonal CO 2 flux was weak in sea-ice-covered regions (e.g., the Eurasian Basin), but in regions where the SIC was less than~50% (such above the continental shelves), the seasonal variation of the CO 2 flux corresponded to the seasonal variation of wind speed. The seasonal variation of DpCO 2 , however, was almost insignificant and had a limited impact on the CO 2 flux. As indicated by the reduction of the variance that occurred when each variable was replaced in turn with a constant value, wind speed explained 65%, SIC explained 22%, and DpCO 2 explained 13% of the seasonal CO 2 flux changes averaged in the overall analysis area.
In the Chukchi Sea, which is seasonally covered with ice, the CO 2 flux was very small from December to May, and then after June, when SIC dropped to less than 80%, the CO 2 influx began to increase. It continued to increase as SIC decreased and the wind strengthened, reaching a maximum in October. The larger negative
DpCO 2 values from June to November in the Chukchi Sea can be attributed to the lowering of pCO 2w as a result of biological CO 2 consumption (Bates et al., 2005) and the addition of sea-ice meltwater . Because biological production becomes high in the Chukchi Sea once sunlight reappears, followed by temperature increases and a sea-ice retreat (Cota et al., 1996) , the training parameters SST and SIC probably function to some extent as proxies for the biological pCO 2w drawdown.
The seasonal cycles of the CO 2 flux estimated here are consistent with those estimated by other regional studies. The seasonal cycles in the Greenland and Barents Seas are in phase with the estimates of Anderson et al. (2000) , Nakaoka et al. (2006) , Arrigo et al. (2010) , and Land et al. (2013) , although the seasonal amplitudes of our pCO 2w and DpCO 2 estimates were smaller than those of these other studies (but the discrepancy is smaller than the uncertainty of our estimate). The seasonal cycle in our estimate for the Chukchi Sea is consistent with the strengthening of the CO 2 influx from spring to early autumn in the observation-based studies by Murata and Takizawa (2003) , Bates et al. (2006) , and Evans et al. (2015) . The seasonal cycles of the flux in the Greenland/Norwegian, Barents, and Chukchi Seas estimated in this study are also in phase with those estimated by , although our estimated amplitudes are larger (Fig. 8) .
Interannual variation
Interannual variation of the CO 2 flux was larger than uncertainty in the Greenland/Norwegian Seas and the Barents Sea in early winter, and in the Chukchi Sea in late summer (Fig. 9) . The amplitudes of the interannual variation in these regions were about 10 mmol m À2 day
À1
. The CO 2 influx in the Greenland/Norwegian Seas and the Barents Sea was large in 2002, 2006, and 2011 , mainly because of stronger winds in those years. The CO 2 influx in the Chukchi Sea was weak in 2001 and strong in 2007 because of SIC change. In contrast, the interannual variation of DpCO 2 affected the interannual variation of the CO 2 flux at longer time scales. We calculated the overall contributions of SIC, wind speed, and DpCO 2 to the interannual CO 2 flux variation by re-calculating the CO 2 fluxes after replacing each of these variables, one at a time, with the 17-year monthly mean value (See the upper panels of Fig. 9 ). The contributions of SIC, wind, and DpCO 2 to the interannual CO 2 flux variation in the overall analysis area were 8%, 13%, and 79%, respectively. The DpCO 2 contribution to the interannual variation was thus much larger than its contribution to the seasonal variation of the CO 2 fluxes. About 80% of the DpCO 2 interannual variation arose from the interannual variation of pCO 2w .
The 17-year trend in the CO 2 flux was negative (i.e., uptake by the ocean was increasing) in the Greenland/Norwegian Seas and northern Barents Sea, and positive (i.e., uptake was decreasing) in the southern Barents Sea (Fig. 10) . The 17-year trends were larger than the uncertainty in these regions. In the Greenland/Norwegian and Barents Seas, the spatial distribution of the CO 2 flux trend trend and decreasing SIC were also found in the Canada Basin, the East Siberian Sea, and the northern Chukchi Sea, although the CO 2 flux trend was small in those regions. The DpCO 2 trend in all of these regions corresponded well to the SST trend (not shown). This result shows that whether pCO 2w increased faster or slower than the increasing pCO 2a depended on the thermodynamic relationships. Cai et al. (2010) also reported a rise in pCO 2w with increasing SST in the Canada Basin. Simultaneous trends toward positive DpCO 2 and decreased SIC suggest that the CO 2 uptake can be expected to decrease once the ocean becomes free of sea ice, as suggested by Cai et al. (2010) . In the northern Barents Sea, however, the retreating sea ice increased the CO 2 influx into the sea, probably as a result of increased biological CO 2 consumption (i.e., primary production), which is attributable in turn to increased surface stratification caused by the addition of sea-ice meltwater (e.g., Fransson et al., 2001 ) and increased light availability. Retreating sea ice has two opposite effects on pCO 2w and the CO 2 flux; on the one hand, it leads to increased pCO 2w due to increased SST, while on the other hand, it leads to decreased pCO 2w due to active biological production. Our estimated interannual CO 2 flux changes in the Greenland and Barents Seas are consistent with the regression-based estimate of Nakaoka et al. (2006) for 1997e2001. Our estimates are also in phase with the biogeochemical ocean modeling result of Manizza et al. (2013) for the Arctic during 1996e2007, although their CO 2 influxes were weaker than most other estimates, including ours, as mentioned in Section 4.1.
Concluding remarks
By applying, for the first time, a SOM technique to pCO 2w estimation in the Arctic, we produced monthly maps of airesea CO 2 fluxes from 1997 to 2013 for the Arctic north of 60 N, including the Arctic Ocean and its adjacent seas. These maps cover a larger area over a longer period than previous regression-based estimates of Arctic airesea CO 2 fluxes. Using the mapped result, we were able to comprehensively describe the spatiotemporal distribution of the CO 2 flux variability on seasonal and interannual time scales. The monthly CO 2 flux data presented in this paper are available at the JAMSTEC web page (http://www.jamstec.go.jp/res/ress/yasunaka/ co2flux/).
Although in the present study we estimated CO 2 fluxes for the entire ocean area of the Arctic, observations in the Kara, Laptev, and East Siberian Seas and the Eurasian Basin were too scarce to determine seasonal and interannual variabilities there. To improve our understanding of the variability in airesea CO 2 fluxes in the Arctic, it is of critical importance to fill the large spatial and temporal data gaps by obtaining additional ocean CO 2 measurements. The availability of monthly fields for mixed layer depth and chlorophyll would also improve the mapping of the pCO 2w field and thereby further clarify the airesea CO 2 flux variability.
